The TEACH Project obtained subjects' time-location information as part of its assessment of personal exposures to air toxics for high school students in two major urban areas. This report uses a longitudinal modeling approach to characterize the association between demographic and temporal predictors and the subjects' time-location behavior for three microenvironments F indoor-home, indoor-school, and outdoors. Such a longitudinal approach has not, to the knowledge of the authors, been previously applied to time-location data. Subjects were 14-to 19-year-old, self reported non-smokers, and were recruited from high schools in New York, NY (31 subjects: nine male, 22 female) and Los Angeles, CA (31 subjects: eight male, 23 female). Subjects reported their time-location in structured 24-h diaries with 15-min intervals for three consecutive weekdays in each of winter and summer-fall seasons in New York and Los Angeles during 1999-2000. The data set contained 15,009 observations. A longitudinal logistic regression model was run for each microenvironment where the binary outcome indicated the subject's presence in a microenvironment during a 15-min period. The generalized estimating equation (GEE) technique with alternating logistic regressions was used to account for the correlation of observations within each subject. The multivariate models revealed complex time-location patterns, with subjects predominantly in the indoor-home microenvironment, but also with a clear influence of the school schedule. The models also found that a subject's presence in a particular microenvironment may be significantly positively correlated for as long as 45 min before the current observation. Demographic variables were also predictive of time-location behavior: for the indoor- 
Introduction
Estimates of cumulative exposure to air toxics depend on the distribution of time spent in various microenvironments, airborne concentration of pollutants in each microenvironment, physical activity level, and proportion of inhaled pollutant that is biologically available. Based on these factors, cumulative pulmonary exposure to the jth airborne pollutant may be expressed as (Eq. (1)):
Âconcenteration ijk percent bioavailable j 100 ith microenvironment of all N microenvironments; kth time segment of all M time segments; duration ik of kth time segment in ith microenvironment (min); concentration ijk of jth pollutant in ith microenvironment at kth time segment (mg/l); breathing rate ik in ith microenvironment at kth time segment (l/min); percent bioavailable j of inhaled mass of jth pollutant.
Allocations of time-location (presence in the ith microenvironment during the kth time segment) and time-activity (breathing rate in the ith microenvironment during the kth time segment) are therefore essential for exposure estimation and necessary as inputs for the probabilistic National Ambient Air Quality Standards Exposure Model (pNEM) (Johnson et al., 1996a, b) , Hazardous Air Pollutant Exposure Model (HAPEM) (Glen, 1994; Glen and Shadwick, 1998) , and Air Pollutants Exposure Model (APEX) (US Environmental Protection Agency, 2005) . The necessity of time-referenced activity and location data has spurred numerous cross-sectional and longitudinal research efforts (Johnson, 1983; Akland et al., 1985; Quakenboss et al., 1986; Robinson, 1988; Adair and Spengler, 1989a, b; Freeman et al., 1989; Lichtenstein and Wyzga, 1989; Robinson et al., 1989; Stock and Morandi, 1989; Schwab et al., 1990 Schwab et al., , 1991 Schwab et al., , 1992 Robinson and Thomas, 1991; Echols et al., 1999; Robinson and Silvers, 2000) , as well as large-scale population surveys like the US Environmental Protection Agency's National Human Activity Pattern Survey (NHAPS) (Klepeis et al., 2001) , the California Activity Pattern Survey (CAPS) (Wiley et al., 1991a, b) , and the Canadian Human Activity Pattern Survey (CHAPS) (Leech et al., 1996 (Leech et al., , 1999 . Data from NHAPS and other surveys have been consolidated in the Consolidated Human Activity Pattern Database (CHAD) (McCurdy et al., 2000) .
While there has been a variety of technical innovations in the assessment of time-location and time-activity, such as geopositioning (Elgethun et al., 2003) , accelerometers (Friedenreich et al., 2006) , and photodiaries (Johnson et al., 2000; Kaur et al., 2006) , the standard research tool is still the structured, self-reported, longitudinal diary. Obtaining these diary data usually represents considerable effort in an exposure assessment project because of the development of the diary form, checks on subjects' reporting compliance, and clarification of subjects' diary entries. Out of proportion with the time-and labor-intensive nature of collecting diary data is the elementary level of statistical analysis used to describe patterns in the data. Typical summary quantifications include percent-subjects in each microenvironment at each time-of-day, percent-time of all subjects in each microenvironment, and average minutes per person-day in each microenvironment. These data are usually naively analyzed with the t-test, the non-parametric Kruskall-Wallis test, and ordinary linear regression. The value of conclusions drawn from these earlier studies notwithstanding, these analyses did not accurately represent the inherent longitudinal aspects of time-location and time-activity behavior. Techniques for the analysis of longitudinal data, such as generalized linear mixed models (Breslow and Clayton, 1993) and generalized estimating equations (GEEs) (Liang and Zeger, 1986) , have progressed sufficiently to permit application in this area of exposure assessment.
The aim of this report is to utilize contemporary longitudinal statistical techniques to characterize time-location data collected in conjunction with the TEACH (Toxic Exposure Assessment Columbia-Harvard) Project, a 1999-2000 effort aimed at assessing the personal exposure of high school students living in innercity areas to volatile organic compounds (VOCs), aldehydes, particulate matter o25mm (PM 2.5 ), and metals.
Methods
The design of the TEACH study has been detailed previously in Kinney et al. (2002) and Sax et al. (2004) . In brief, the TEACH study selected for each city one high school that draws students with broad geographic and sociodemographic representation. The A Philip Randolph High School in New York City (northern Manhattan) and the Jefferson High School in South Central Los Angeles were selected. Randolph High School is a magnet school and operates in a single six-story building occupying about 1.5 acres, while Jefferson High School comprises over 20 buildings on an 11-acre campus. Initial contact with potential subjects occurred in the summer-fall before the winter measurement period. Subjects who smoked or lived in homes with smokers were not eligible for the study. Potential subjects were also excluded if they would not be available for follow-up measurements. The study goals and procedures F particularly the burdens of diary keeping and personal monitoring F were explained to potential subjects and their parents, and informed consent was obtained. The cohort was not a random sample because subjects were chosen based on eligibility (non-smokers from non-smoking households) and their willingness to complete the study (based on the information they received about the study). A parent or guardian was asked to complete a questionnaire about housing characteristics, and their participating child completed a questionnaire on demographic characteristics.
From each school (75 total), 35 eligible students between the ages of 14 and 19 years were recruited , of which 62 subjects completed both winter and summer-fall phases and were used for analysis (Table 2) . Subjects reported their timelocation in structured daily diaries for three consecutive weekdays (Tuesday F Thursday) in each season (winter and summerfall). New York City subjects were monitored February F April, 1999 (winter) and June F September, 1999 (summer), and Los Angeles subjects were monitored January F March, 2000 (winter) and September F October, 2000 (fall). The observations for New York summer-fall and Los Angeles fall were aggregated into a single ''summer-fall'' seasonal category for analysis. Personal monitoring for air toxics was carried out concurrently with the time-location assessment, and five subjects were simultaneously monitored each week. The subjects monitored each week were visited by study technicians, who provided the time-location diary form to the subjects. Technicians contacted subjects daily to check status, and were available by cellular phone to answer questions during the monitoring period. When feasible, technicians would solicit diary entries when data were missing. The diaries comprised structured forms (Figure 1 ) that the TEACH Project developed based on the EXPOLIS form (Jantunen et al., 1998 (Jantunen et al., , 1999 . Subjects reported their location during 15-min intervals for 24 h per day, except that for the hours from midnight to 0600 hours when subjects were assumed to be indoors at their respective homes. For each 15-min period, each subject was asked to record whether they were indoors or outdoors at their home, school (designated ''Other'' on the diary form), or work, or if they were traveling (by automobile, bicycle, bus, motorcycle, subway, train, skating, or walking; designated ''In Transit'' on the diary form). The present report focuses on three microenvironments: indoor-home, indoor-school, and outdoor, the latter combining the categories outdoor-home, outdoor-school, outdoor-work, and traveling, as well as extracurricular activity and physical education.
The data were transcribed from the completed diaries and entered into a computerized database using blinded, double entry. The data were then configured so that a subject's time was modeled as a binary outcome for being present in a particular microenvironment during a 15-min period (binary variable ¼ 1) versus any other (binary variable ¼ 0). Logistic regression was used to model the binary outcome, and a separate logistic model was run for each of the three microenvironments. For each 3-day monitoring period, diary entries began at about 1500 hours on the first day and ended at about 1400 hours on the third day, but statistical analysis was restricted to observed data for 1800-2345 hours for the first day, 0600-2345 hours for the second, and 0600-1200 hours for the third, and during 0000-0545 hours on the second and third days subjects were assumed to be indoorhome. This configuration was intended to minimize missing observations because subjects started and ended recording their time-location at varying times, and some neglected to record data for 0000-0600 hours. A total of 15,009 observations were analyzed, with 242 observations per subject: (24 15-min periods for the first day þ 72 periods for the second day þ 25 periods for the third day) Â 2 3-day periods. For the indoor-school logistic model, only data through 2030 hours on each day were analyzed in order to overcome difficulties in estimating model parameters (11,780 observations).
As time-location data are correlated longitudinally for each subject, the standard errors of the odds ratios (ORs) were empirically adjusted with the method of GEEs (Liang and Zeger, 1986; Diggle et al., 1994) . Pairwise correlations among binary responses as represented in the standard GEE are constrained by their marginal probabilities, so the GEE was implemented with alternating logistic regressions (ALR), which uses the log OR as the measure of association between binary responses and is unconstrained by the marginal Figure 1 . Example of time-location diary form utilized by subjects in the TEACH Study. Note that the column labeled ''Other'' was used for reporting whether subjects were indoors or outdoors at school.
probabilities (Carey et al., 1993) . The GEE algorithm with ALR was implemented within the generalized linear model (GLM) framework (McCullagh and Nelder, 1989) , and was computed with the PROC GENMOD subroutine of the SASt statistical analysis software, version 8.2 TS020 (SAS Institute, 2001 ). The GLMs were configured with the binomial error distribution, logit link function, and the ALR log OR exchangeable among all clusters (i.e., subjects). Statistical significance was set at 5% (ar0.05).
Results

Simple group comparisons
The TEACH cohort comprises seventeen (27.5%) males and 45 (72.6%) females, and was almost all non-white (98.4%).
All the New York City subjects reported living in either an apartment building or 2-3-family home, while 67.7% of Los
Angeles subjects reported living in single-family homes. Differences in subjects' median h/day in each microenvironment grouped by city of residence, season, and sex (Table 3) were evaluated with the non-parametric Kruskall-Wallis test, which found that New York subjects in summer-fall spent statistically significantly more time indoor-home (6.5 h/day) than they did in the winter season (4.9 h/day), which was more than Los Angeles subjects did in winter (4.5 h/day). In summer-fall, females in Los Angeles spent over an hour more indoor-home than Los Angeles males, while this pattern is reversed in New York, where males spent over 2.5 h more indoor-home than females. For the indoor-school microenvironment, Los Angeles subjects overall spent more time indoor-school in both seasons (2.7 h/day) than New Yorkers (1.8 h/day) at a statistically significant level. In summer-fall, the Los Angeles school district's staggered, year-round academic calendar caused 17 Los Angeles subjects to spend time indoor-school (1.4 h/day) while no New York subjects spent time indoor-school in summer-fall. The allocation of time outdoors is consistent between seasons for each city, with Los Angeles subjects spending a median 1.6 h/day outdoors compared to New Yorkers' 1.3 h/day (P-value r0.044). New York males spent statistically significantly more time outdoors in summer-fall (1.3 h/day) than they did in winter (0.8 h/day).
Univariate models
To screen predictors for the three microenvironment multivariate models, univariate logistic models were run with each candidate predictor. All ''univariate'' models included a binary indicator variable for residing in New York City because the TEACH Project was designed to recruit subjects from two different cities. The candidate demographic variables were age, being male, white race, not being of Spanish origin, mother's education level, father's education level, having an afterschool extracurricular activity, and having an afterschool job. Whether a subject ever had asthma was also considered. The candidate temporal variables were summer-fall, day-of-week, and time-of-day. The results for the univariate models are summarized in Supplementary Tables 1 and 2 
(Supplementary Information).
Having an afterschool job is statistically significant for the univariate indoor-home and outdoor models. Being white is statistically significant for both the indoor-home and indoorschool univariate models. Ever-had-asthma is statistically significant for the indoor-school univariate model. All the temporal predictors are statistically significant in the indoorhome and indoor-school models, while only time-of-day is significant for the outdoor model.
Multivariate models: configuration
Indicators for white race, having an afterschool job, and ever-had-asthma, as well as all temporal predictors had statistically significant univariate models, so these variables were included as predictors in the multivariate models. An indicator for residing in New York was also included to represent this geographic aspect of the TEACH Project's study design. Even though they were not statistically significant in the univariate models, the demographic characteristics of being male and age were included to account for potential confounding. To permit comparison, the same predictors were used in each multivariate model fit for the three microenvironments.
Several predictors in the multivariate model were configured differently from the univariate models. For age, binary indicators were included for each of the 16, 17, Z18-year age groups, with the o16-year-old group as the reference group. Each weekday (ref. Tuesday) and time-of-day (i.e., 15-min interval; reference 0600 hours) were represented with binary indicators. Additional predictors were included representing the lag value of the outcome for one to twelve 15-min periods before the current period. These lag predictors (reference current 15-min period) represent the potential serial correlation of the subjects' presence in a particular microenvironment up to 3 h before each 15-min observation. In order to form lags for 1800-2045 hours on the first day of each 3-day monitoring period, data from 1500 to 1745 hours were used, while for the 0600-0845 hours lags on the second and third days, subjects were assumed to be indoors at home during 0300-0545 hours. As with the univariate models, the standard errors were adjusted by GEE with ALR and an exchangeable log OR among all subjects. The ORs for the predictors are interpretable as the average odds that a subject is in a particular microenvironment versus any other microenvironment, controlling for the other predictors in the model. It should be kept in mind that although each model addresses a particular microenvironment, all the models arise from the same data, so it is also useful to consider the results of all three models together, as will be discussed in a later section.
Multivariate results: demographic predictors and asthma
Owing to the numerous predictors, only a partial display of parameters estimated from the multivariate models are given in Tables 4-6 (see Supplemental Table 3 for a complete tabulation). Neither sex nor ever-had-asthma is predictive for being in any of the three microenvironments. And there is no statistically significant difference by age in the likelihood of subjects being in the indoor microenvironments. 
Multivariate Results: Temporal Predictors
The numerous parameter estimates for the effect of time-ofday (71) and lag (12) are displayed graphically for each microenvironment as ORs with 95% CI (Figures 2 and 3) . A spline between the ORs has been included to aid interpretation (note that the splines are of the ORs, not a spline from the data, such as from a generalized additive model). In some instances the spline appears to dip below zero, which is an artifact of the spline fitting process and is not meaningful with respect to the actual ORs, which are, of course, all positive (Figure 4 
Indoor home
In Table 4 , the multivariate summer-fall OR for the indoorhome microenvironment is statistically significant and indicates that subjects were more likely to be indoors at home during the summer-fall (5.14 [2.54:10.39]). Subjects were also more likely to be in this microenvironment on both Wednesday (1.87 [1.27:2.75]) and Thursday (2.35 [1.37:4.03]) at a statistically significant level. The time-ofday profile (Figure 2 ) indicates subjects were indoors at home at 0615 hours (2.97 [1.22:7.20]), but for the remainder of the morning (0630-1245 hours) subjects tended to be away from this microenvironment, with statistically significant periods during 0700-0830 hours, 0900, 1000, and 1200 hours. During 1300-1515 hours, the pattern of ORs varies between indications of being in and out of indoor-home and are statistically non-significant, but beginning at 1530 hours (4.49 [1.19:17 .00]) subjects were consistently likely to be indoor-home, with the likelihood increasing through 2345 hours (79.94 [22.61:282.62]) , with nearly all the ORs for 1530-2345 hours being statistically significant. The summerfall Â time-of-day interaction for the indoor-home model is statistically significant and indicates that in the summer-fall subjects were less likely to be indoors at home as the day progressed (0.96 [0.95:0.98]).
The autocorrelation structure for the indoor home microenvironment (Figure 2) shows that the first 15-min lag period is most strongly positively correlated with the current period (658.00 [366.89:1180 .07]), and falls off sharply in later lag periods. Another statistically significant correlation occurs at the third lag (2.24 [1.35:3.72]), corresponding to 45 min before the current period.
Indoor school
The estimation algorithm for the indoor-school microenvironment model would not converge to a solution with the complete data. This was attributable to sparse responses at Figure 2 ).
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later times-of-day, particularly after 2030 hours when no subjects reported being indoors at school. Once observations after 2030 hours were excluded, the estimation algorithm converged, and results from the analysis on the restricted data set (11,780 observations) are reported here. The ORs for the indoor-school microenvironment model are in Table 5 . As would be expected during the summer-fall, subjects were less likely to be indoors at school (0.20 [0.09:0.46]) relative to winter. The day-of-week ORs are less than unity, indicating that during weekdays subjects were unlikely to be indoors at school at this time scale. And although there was no early dismissal on Wednesdays for these high school students, the Wednesday OR (0.53 [0.29:0.98]) is statistically significant and indicates subjects were less likely to be indoorschool on this day.
School regulations require all New York subjects except seniors (who may exit and return) to stay in the high school throughout the day, and although all Los Angeles subjects are restricted to campus they routinely exit one building for another when they change classes. Hence, much of the variation in subjects' indoor-school and outdoor timelocation behavior during schooldays was due to the Los Angeles subjects. The time-of-day ORs (Figure 3) indicate that subjects were likely to be indoors at school through the morning (0715-1145 hours), with statistically significant ORs during 0715-0930 hours, with the exception of 0845 hours, which was nonetheless marginally significant, designated here as P-value r0.10. A notable departure from this morning pattern occurs at 1000 hours when the OR (0.66 [0.07:6.14]) indicates that subjects were unlikely to be indoors at school, albeit at a statistically non-significant level. Similarly, during 1215-1245 hours, the indoor school ORs are less than unity but non-significant. At 1300 hours subjects were likely to be indoor-school (10.77 [1.29:89.97]), but during 1315-1400 hours the ORs are statistically non- Figure 3 ).
significant. Subjects were unlikely to be indoor-school at a statistically significant level beginning at 1530 hours through the end of the observational period at 2030 hours, with nearly all ORs in this range being statistically significant.
Interpretation of the statistically significant temporal interactions with summer-fall (summer-fall Â day-of-week and summer-fall Â time-of-day) for the indoor-school model is more clearly stated in terms of the winter season, when school is in session: the summer-fall Â day-of-week interaction indicates that in the winter subjects were more likely to be indoors at school as the week progressed (0.62 [0.43:0.90]), and the summer-fall Â time-of-day interaction indicates that in the winter subjects were less likely to be indoors at school as the day progressed (1.05 [1.03:1.08]).
The lag correlation with the current 15-min period (Figure 3 ) is strongest and positively correlated with the first lag period (177.09 [88.86:352.91 
Outdoor
The summer-fall OR in Table 6 indicates that subjects were less likely to be outdoors (0.45 [0.25:0.81 Figure 4) .
increasingly likely to be outdoors both as the week and day progressed. The day-of-week Â time-of-day interaction (0.99 [0.98:1.00]) indicates that as the week progresses subjects were less likely to be outdoors as the day progressed. In Figure 4 , correlation between the current 15-min period and lag periods is most strongly positive at the first lag (56.83 [40.93:78.89] 
Discussion
The multivariate models revealed intricate time-location patterns, and by comparing the model results the allocation of time among the microenvironments can be discerned at several levels. At the seasonal time scale, the summer-fall ORs show that subjects were more likely to be indoors at home during the summer-fall (5.14 [2.54:10.39]), while subjects were unlikely to be either indoors at school ( but also outdoor. The magnitudes of the statistically significant weekday ORs indicate that at this time-scale subjects were most likely to be indoors at home (Wednesday OR: 1.87, Thursday OR: 2.35) and unlikely to be indoors at school (Wednesday OR: 0.53).
Comparisons of microenvironmental time-of-day profiles show how subjects passed between the microenvironments as the day progressed. In particular, the profiles reflect major features of the daily school schedules, which serve as a reference to evaluate and interpret the longitudinal models. During 0615 hours, subjects were likely to be indoors at home, but by 0715 hours, subjects were likely to be indoorschool and outdoors as well as unlikely to be indoor-home at a statistically significant level. The statistically significant ORs at 0715 and 0815 hours for being indoors at school coincide with the beginning of Los Angeles subjects' school day at 0710 hours and New York subjects' at 0800 hours, so the statistically significant outdoor ORs during 0645-0715 hours may be attributed to commuting to school. Subjects were likely to be indoor-school during the morning except at 1000 hours (0.66 [0.07:6.14]), when the outdoor OR for this interval (5.37 [1.79:16.11]) indicates subjects were instead likely to be outdoors. This may be attributed to the 15-min homeroom period of the Los Angeles subjects, when two class-changes in quick succession F totaling 12 min F during the 1000 hours interval caused the subjects to be outdoors for a large portion of the time as they transited between classroom buildings. Similarly, during 1215-1245 hours (1215-1230-1245 hours indoor-school ORs: 0.76-0.56-0.25) when a portion of the Los Angeles subjects was at lunch, they were unlikely to be indoor-school and likely to be outdoors at a statistically significant level. A similar pattern, however, was not apparent during the Los Angles lunch period at 1115-1145 hours (1115-1130-1145 hours indoorschool ORs: 5.96-1.62-2.17) and there was no clear indication that subjects were outdoors.
In the afternoon, from 1315 to 1400 hours, subjects were likely to be indoors at school, but unlike the morning and even though class was in session the ORs are not statistically significant. This pattern could not be attributed to physical education or athletic activities, but the average influence of the school schedule appears to weaken in the afternoon. In fact, indoor-school ORs less than unity for 1415-1530 hours indicate subjects were unlikely to be indoor-school, and during 1445-1530 hours subjects were likely instead to be outdoors at a marginally statistically significant level or better. 4.02:26.89] ) indicate that subjects were unlikely to be indoor-school but likely to be outdoors and indoor-home, which is consistent with the end of the school day for Los Angeles (1457 hours) and New York subjects (1526 hours). From 1530 to 1800 hours, the models show that subjects were likely to divide their time between outdoors and indoorhome, usually at a statistically significant level. Beginning at 1815 hours, there are no statistically significant outdoor ORs, and subjects were increasingly likely to be indoors at home through the end of the day at 2345 hours. Most of the statistically significant interaction terms among the three multivariate models that include summerfall (i.e., summer-fall Â day-of-week and summer-fall Â timeof-day) indicate trends that oppose the main effect for summer-fall. The magnitudes of these interactions are relatively small, however, so that summer-fall's main effect predominates in these models even after adjustment for the interaction.
The lag profiles for all microenvironments indicate that the correlation between the first 15-min lag and the current observation is statistically significant and is so strong as to be nearly perfectly correlated, indicating that 30 min may be an appropriate level of temporal resolution for recording timelocation data for the demographic group studied here. In addition, both indoor microenvironments exhibited lesser but statistically significant positive correlations at the third and eleventh lags, corresponding to 45 min and 2.75 h before the current observation, while the second (30 min) and tenth (2.50 h) lags are statistically significant for the outdoor microenvironment. The short-term lag correlations at 30 (outdoors) and 45 (indoors) min suggest that serial correlation can last as long as 45 min. The later but weaker lag correlations at 2.50 h (outdoor) and 2.75 h (indoor), however, may represent not so much a serial correlation, but rather a periodicity in time-location behavior, where subjects return to these microenvironments at 2.50-2.75-h cycles. One notable result is that the second lag OR for the outdoor model is less than unity (0.70 [0.50:0.98]), indicating that subjects were unlikely to be outdoors 30 min before the current observation. This suggests that subjects were usually outdoors for short durations lasting less than 30 min, but longer than 15 min. Subject-specific factors also proved informative. Having an afterschool job increased the likelihood of being outdoors at the expense of being indoors at home. The greater time outdoors may be attributed to more time commuting to work or to work that occurred outdoors. The subjects who reported afterschool employment (n ¼ 13) worked in settings where air toxics exposure would not be comparable to occupational exposures that might confound exposure assessment. The OR for New York showed that there is no significant difference in the time-location behavior of subjects from the two metropolitan areas, except that New York subjects were less likely to be indoors at school (0.42 [0.29:0.59] ). This difference can be attributed to the Los Angeles school district's multitrack calendar, which staggers attendance for groups, or ''tracks,'' of students throughout the entire calendar year so that seventeen Los Angeles subjects were in school during the summer-fall period. The 16-and 17-year-old age groups were less likely to be outdoors at a statistically significant level, while the contemporaneous ORs for the indoor microenvironments are not statistically significant but are greater than unity suggesting that time outdoors was exchanged for time indoors at home and school. Results of the hypothesis tests for the predictors city, season, and sex for all three multivariate logistic models are qualitatively consistent with the previous non-parametric Kruskall-Wallis tests for the tabulations in Table 2 , except that season was found to be a statistically significant predictor in the outdoor multivariate model and not in the Kruskall-Wallis test. The OR for everhad-asthma is not statistically significant in any of the multivariate models, but there were only three subjects who reported affirmatively for this characteristic. A larger cohort would, of course, have further clarified the statistical results. Better still would have been for episodes of transient respiratory disorders F such as asthma, bronchitis, and hay fever F to be reported contemporaneously in timelocation diaries so that they could be appropriately modeled as time-varying predictors.
The ALR form of the GEE algorithm estimates a log OR for within-subject associations among binary responses, and was assumed to be exchangeable (i.e., common) among all subjects for this study. The analyses, configured as they were as logistic regressions, produced ORs to represent the degree and direction of association between each predictor and the binary outcome. In exposure assessment, however, probability estimates of being in each microenvironment are a more useful quantity, and although the logit function provides a mathematical transformation from the OR to its probability, it would not account for the simultaneous probabilities of being in the other two microenvironments. The probability of spending time in a particular microenvironment could be construed as an average daily proportion (i.e., percent day i in Eq. (2) below) if time spent in each microenvironment is normalized to a daily rate. Assuming that pollutant concentration and breathing rate are constant in each microenvironment, the cumulative daily exposure to the jth pollutant may then be expressed as a summation over all microenvironments weighted by the proportion of the day (i.e., daily probability) spent in each microenvironment (Eq. (2)):
Âbreathing rate i
Âconcenteration ij Â persecnt bioavailable j 100 ith microenvironment of all N microenvironments; percent day i spent in ith, microenvironment; concentration ij of jth, pollutant in ith microenvironment (mg/l); breathing rate i in ith, microenvironment (l/min); percent bioavailable j of inhaled mass of jth, pollutant. McCurdy and Graham (2003) recommended in their comprehensive assessment of time-location research that data on season, season-temperature combinations, precipitation levels, and type of day (classified as either workday versus nonworkday or weekday versus weekend) should routinely be collected because they are robust predictors of time-location behavior. The results in McCurdy and Graham (2003) were derived from separate evaluations of cross-sectional data selected from the US EPA's Consolidated Human Activity Database and from longitudinal time-location data for a single adult male subject, which contrasts with the multiple longitudinal series comprising the TEACH diary data. These and other methodological differences notwithstanding, the results of both studies are consistent in their support for the importance of season for predicting indoor and outdoor time-location behavior. McCurdy and Graham (2003) did not detect significant pairwise differences in outdoor behavior between days-of-week in their cross-sectional CHAD sample, and similarly the TEACH outdoor model found that day-ofweek was not a significant predictor. The TEACH analyses found that location (living in New York) and having an afterschool job are statistically significant multivariate predictors for being indoors at home and school (being white is also statistically significant, but because there was only one white subject this result is disregarded here), while age and having an afterschool job were predictive for being outdoors. Recalling that McCurdy and Graham (2003) focused on 57-to 60-year-old males, the cross-sectional analyses in McCurdy and Graham (2003) did not find any subject-specific characteristics to be statistically significant for being outdoors, where age, race, education, type of residence, and region were among the candidate univariate predictors. Our analyses, however, support recommendations that F for the demographic represented in the TEACH Project F subjectspecific characteristics should be assessed, and, because of the results for the lag predictors, that 30-min intervals may provide sufficient temporal resolution for assessing timelocation behavior.
The modeling approach used here properly represents the longitudinal observations of subjects over time, the essential aspect of time-location study design. The results from our multivariate models were consistent with earlier published findings and revealed details of the structure of time-location behavior, while providing credence for the additional predictive importance of subject-specific characteristics and other covariates.
